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ABSTRACT
Data  gathered  by  continuously  operating  instrumented  structural  health 
monitoring (SHM) systems installed on full-scale civil infrastructures are inherently 
influenced  by  environmental  and  operational  conditions,  including  temperature, 
humidity, wind, solar radiation, live loads, and others. In order to interpret the SHM 
data correctly, the environmental and operational effects need to be separated from 
changes  due  to  damages  sustained  by  the  structure.  This  study  examines  the 
dependence between time histories of static, hourly sampled strains and temperatures 
recorded by a multi-sensor SHM system installed in a major post-tensioned bridge 
and operating continuously for a long time.  The strain-temperature relationship is 
modeled  using  a  seasonal  autoregressive  integrated  moving  average  model  with 
exogenous  inputs  (SARIMAX),  also  referred  to  as  a  transfer  function  (TF).  By 
studying the SARIMAX model, using an outlier detection and intervention analysis 
technique,  various unusual events  as well  as structural  change or damage can be 
revealed. Such events or structural changes may result, among other causes, from a 
sudden settlement of foundation, excessive traffic load or failure of post-tensioning 
cables;  but  they  may  also  be  caused  by  unusual  temperature  variations.  The 
SARIMAX approach helps to differentiate the genuine structural changes from those 
due to environmental factors.
INTRODUCTION
The use of SHM technology to assess the condition of civil infrastructure has been 
rapidly growing over the past decade. It is envisaged that SHM may help overcome 
the  shortcomings  of  traditional  assessment  techniques  such  as  high  manpower 
demand, infrequent inspections, inaccessibility of critical parts of the structure, and 
lack  of  information  on  actual  loading.  Nevertheless,  despite  vigorous  research, 
considerable advances and growing experience, replacement of traditional inspection 
methods by instrumented systems has not been achieved yet. Moreover, it has become 
obvious that the current understanding of the complexity of materials, structures and 
their behaviour in actual environmental conditions is far from being satisfactory from 
the point of view of efficient usage and understanding of data obtained via SHM.
Full-scale civil infrastructures, such as bridges, dams and buildings, are inherently 
subjected to complex environmental and operational conditions, such as temperature, 
wind, moisture, and live loads, which give rise to various structural responses and 
change structural behavior. For example, Farrar et al. [1] experimentally demonstrated 
that variations in modal properties of bridges due to fluctuations in environmental 
conditions  can  be  of  a  similar  order  or  exceed  changes  caused  by  even  severe 
damages.  Thus,  for  successful  implementation  of  SHM  and  damage  detection 
technology  it  is  important  to  develop  data  processing  techniques  that  are  either 
capable of extracting signal features not susceptible to environmental factors, or that 
explicitly take these factors into account. Despite its importance, only limited studies 
have been devoted to health monitoring and damage detection in structures subjected 
to uncontrolled environment conditions. Kullaa  [2] used factor analysis to eliminate 
the influence of temperature and humidity on natural frequencies of a laboratory-scale 
timber  truss.  Mahmoud  et  al.  [3] used  full-scale  monitoring  data  to  investigate 
changes in frequencies  of a long-span suspension bridge due to self-excited wind 
forces. Sohn et al.  [4] developed a model for correlation of natural frequencies and 
temperatures measured on a bridge structure.
Because of the character of signals recorded by SHM systems, i.e. time series 
sampled over long periods of time and at regular intervals, such data naturally lend 
themselves to examination using the extensive and proven tools offered by the time 
series  analysis  and  statistical  process  control.  There  are  several  examples  of 
application of time series analysis to problems in SHM. Sakellariou et al.  [5] and 
Poulimenos and Fassois  [6] used autoregressive time series with exogenous inputs 
(ARX) to detect damage in simple numerical and laboratory structural models. Moyo 
and  Brownjohn  [7] used  intervention  analysis  to  assess  the  impact  of  various 
technological processes on strain levels in a bridge structure. Sohn et al. [8] modeled 
dynamic  signals  recorded  on  a  patrol  boat  at  various  damage  states  using 
autoregressive  (AR)  time  series  models.  Through  statistical  examination  of  the 
changes in AR model parameters, they were able to classify signals as coming from 
either undamaged or damaged system, despite the boat being subjected to varying sea 
states,  speeds  and  temperatures.  Omenzetter  and  Brownjohn  [9] extended  this 
methodology to online identification of time series parameters using a Kalman filter, 
and proposed a seasonal integrated autoregressive moving average (SARIMA) model 
to study signals recorded by an SHM system installed in a major bridge.
The present study reexamines the data used in  [9]. The new contribution is that 
unlike  in  the  previous  paper  where  only  strains  were  considered,  a  relationship 
between strains and temperatures is established. The theoretical framework used is 
that  of  SARIMA model  with  exogenous  inputs  (SARIMAX),  also  referred  to  as 
transfer function (TF) model. The SARIMAX model developed is used in conjunction 
with  an  outlier  detection  and  intervention  analysis  technique  for  identification  of 
unusual  events  sustained  by  the  bridge.  The  advantage  of  having  a  dynamic 
SARIMAX strain-temperature relationship is that the origin of some unusual changes 
in strain time series can be traced back to similarly unusual temperature fluctuations. 
Thus, TF approach may help to differentiate the genuine structural changes, such as 
post-tensioning  cable  failures,  from  those  caused  by  environmental  factors.  The 
proposed method has been applied to analysis of strains recorded during construction 
of the bridge where unusual events include concreting and tensioning of cables.
BRIDGE MONITORING
The  subject  of  the  reported  monitoring  exercise  was  the  Singapore-Malaysia 
Second Link bridge (Fig. 1), which serves as a vehicular crossing between Singapore 
and Malaysia. The bridge was completed and opened to traffic in 1997. The structure 
is about 1.9 km long and comprises 27 spans; the Singapore side is about 170 m long 
and the main span of this section is 92 m long. The bridge was cast in-situ using the 
balanced cantilever method and post-tensioned. The cross-section of the continuous 
box  girder  varies  in  depth  from  2.6  m  to  6.5  m  along  the  bridge  length.  The 
instrumentation installed in the bridge consists of four data loggers, twelve vibrating 
wire strain gauges, twelve pressure cells, forty four thermocouples and one tri-axial 
accelerometer,  distributed  in  three  segments  of  the  main  span.  Figure  2  shows 
locations of the strain gauges in the girder cross-section.
THEORY
SARIMAX Time Series Model
Assume the following linear relationship between the output series {yt} and input 
series {xt} (t=1,2,…,N):
( )t t ty B x nν= +
where ν(Β) is referred to as the transfer function and is defined as follows:
( ) 20 1 2B B Bν ν ν ν= + + +K
B is the back shift operator which can be defined through its action on an arbitrary 
time series {zt} in the following way:
1t tBz z −=
   
 
Figure 1. The Singapore-Malaysia Second Link. Figure 2. Strain gauges at segment 31.
Time series {nt} denotes (not necessarily white) noise that is independent from {xt}. 
The input and output time series may generally be non-stationary and/or seasonal so 
that the differencing transformations (1-B) and (1-BS), where S is the seasonal period, 
may need to be applied to them. Representing the TF in a rational form and assuming 
a seasonal autoregressive moving average (SARMA) model for the noise model one 
arrives at the following SARIMAX model
( )
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Variables  p,  q,  r,  R,  m,  and  M are  the  orders  or  the  respective  polynomials. 
Polynomials φ(B) and θ(B) respectively describe the so called regular AR and moving 
average (MA) factors, whereas φ (s)(B) and θ(s)(B) correspond to stochastic seasonal or 
periodic factors. Time series {at} is a Gaussian white noise. A procedure for model 
identification is described in [10].
Outlier Detection and Intervention Analysis
Structural damage may be envisaged to cause unusual fluctuations in the recorded 
SHM data. It is thus desirable to have an analytical tool which could be used to pick 
up and quantify such events  and changes  in  a  time  series.  The problem may be 
addressed  by  outlier  detection  and  intervention  analysis  to  which  Pankratz  [11]
presents an integrated approach. Outlier detection techniques examine a time series in 
order  to  determine  whether  a  particular  observation  protrudes  unduly  from  the 
regimen of the analyzed time series, while subsequent intervention analysis enables 
examination and quantification of what happened to the time series after an unusual 
event and checking if this event had a permanent impact or only a transient one.
Consider the SARIMAX time series of Equation (4) with an additional exogenous 
input:
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Polynomials Ω(B) and ∆(B) have forms similar to ω(B) and δ(B) of Equations  and , 
respectively. Together with (1-B)d, they describe the effect of the exogenous impulse 
input and how it develops with time.
Define the two following auxiliary time series:
( ) ( ) ( ) ( ) ( )
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Equation   is  in  fact  another  TF model  from which magnitudes  of  parameters  of 
polynomials Ω(B) and ∆(B) can be estimated. Once polynomials Ω(B) and ∆(B) have 
been identified it  is  necessary to judge whether their  coefficients  have significant 
values, i.e. if they truly represent outliers. This can be achieved by computing the so-
called  squared  Mahalanobis  distances  of  the  identified  polynomial  coefficients 
defined as:
2 1TD −= Γ Σ Γ
where Γ is the vector of all coefficients of polynomials Ω(B) and ∆(B), and Σ is their 
dispersion matrix.
APPLICATION
To check the performance of the proposed analytical method, we first use it to 
analyze  strain  and  temperature  time  histories  recorded  on  the  bridge  during 
construction  works.  In  the  balance  cantilever  method  of  bridge  erection,  the 
construction process departs from a pier, and consists of repetitive steps during which 
two segments of the bridge girder, symmetrically located with respect to the pier, are 
first concreted, then stressed using tendons, and then concreting form travelers are 
shifted in preparation for casting of new segments. At the end of construction of the 
span, the closure segment is cast and continuity or integration tendons are stressed. 
Then the girder changes from separate  cantilevers into a continuous beam. These 
construction events can be expected to produce significant,  sudden changes in the 
bridge mechanical  system,  and the proposed analytical  method should be able  to 
identify these changes. Another useful result of analysis of known events can be the 
ability to compare them to identified future unknown events. Noticing similarities 
between known and unknown events may be helpful in understanding the causes and 
consequences of the latter ones. In this study, attention is paid to the concreting and 
cable tensioning events, as they are the most significant in terms of the associated 
strain changes. The concreting and tensioning events are abbreviated as C27, C26, 
C25, C24 and C23, for concreting of segments 27, 26, 25, 24 and 23 respectively, and 
T27, T26, T25 and T24 for tensioning of segments 27, 26, 25 and 24 respectively, and 
TC for tensioning of the closure segment.
A portion of strain and temperature time series, denoted respectively by {εt} and 
{Τt} (t=1,2,…,1500), recorded by strain gauge SG31-2 (Fig. 2) was chosen for this 
study. These time series are shown in Figure 3. Preliminary investigations showed that 
the analyzed time series are non-stationary and also have a clear 24-hour seasonal 
component  due  to  the  daily  temperature  cycle.  Hence,  the  original  signals  were 
differenced using operators (1-B) and (1-B24) once each. By trying several time series 
models, the following were adopted for the temperature SARIMA model:
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and temperature-strain TF:
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where {a(T)t} and {a(
ε)
t} are both Gaussian white noise time series.
Close  visual  inspection  of  the  strain  plots  showed  that  the  concreting  and 



















































































































Figure 4. Mahalanobis distances for identification of unusual events: a) tensioning, and b) concreting 
events.
result in different types of changes in 
strain. For the tensioning events, these 
changes appear to be of the impulse 
type with a sudden increase in strain 
and immediate return to the previous 
value  in  the  following  time  instant. 
For  the  concreting  events  they  are 
series  of  consecutive  step-like 
increases  with  strains  stabilizing 
thereafter  at  a  new  level.  Proper 
identification  of  outlier  magnitudes 
requires  the  selection  of  an 
appropriate form of polynomials Ω(B) 
and  ∆(B),  otherwise  the  identified 
magnitudes  may  be  in  substantial 
error.  Therefore,  tensioning  events 
were  identified  using  Ω(B)= ω 0ITt and  ∆(B)=1,  while  concreting  events  using 
Ω(B)= ω 0STt+ω1ST+1t+ω2ST+2t+ω3ST+3t and ∆(B)=1, where STt=ITt/(1-B) is the step time 
series. Figure 4 shows Mahalanobis distances for these two cases. It can clearly be 
seen  that  both  tensioning  and  concreting  events  are  easily  detectable  in  the 
Mahalanobis distance plots. Furthermore, in Figure 4a the distances corresponding to 
tensioning events are generally larger that those corresponding to concreting events. 
The situation is reversed in Figure 4b. It can thus be concluded that to detect correctly 
the various types of events different types of outliers described in Equation  need to be 
assumed and tried.
Strains do not, in fact, need to be modeled using a TF. Instead, one can use an 
output only or SARIMA model, which can be described by Equation  with ω(B)=0. 
The advantage of the TF approach is the ability to distinguish between strain changes 
caused by temperature variations and changes that have other reasons. However, the 
available data measured on the bridge cannot be used for this purpose. This is because 
the  temperature  time  series  is  all  “well  behaved”  with  practically  no  unusual 
fluctuations and corresponding strain changes. To test the TF approach, a synthetic 
temperature and strain time series were generated according to Equations   and  . A 
single outlier of magnitude of 2°C at time t=1000 was added to the temperature time 



































































Figure 6. Mahalanobis distances for identification of 
unusual events in the synthetic strain time series.
The  two  synthetic  time  series  are  shown in  Figure  5.  The  squared  Mahalanobis 
distances of outlier magnitudes for the synthetic signal are shown in Figure 6. The 
presence of an outlier at  t=500 can clearly be seen while no outlier is identified at 
t=1000. Thus, the TF approach can be used for differentiating unusual strain changes 
depending on the underlying causes.
CONCLUSIONS
This  study examines  the  dependence  between  time  histories  of  static,  hourly 
sampled strains and temperatures recorded by a multi-sensor SHM system installed in 
a  major  post-tensioned  bridge  and  operating  continuously  for  a  long  time.  The 
relationship between strains and temperatures is modeled as a time series TF. By 
studying the TF model, using outlier detection and intervention analysis techniques, 
various unusual changes in the strain time series can be detected very effectively. The 
TF approach helps to differentiate the changes due to genuine structural changes, e.g. 
due to concreting and cable tensioning, from those due to environmental factors such 
as large temperature fluctuations.
REFERENCES
1. C. R. Farrar,  P.  J. Cornwell,  S.  W. Doebling,  and M. B. Prime. 2000.  Structural Health  
Monitoring  Studies  of  the  Alamosa  Canyon  and  I-40  Bridges,  Los  Alamos  National 
Laboratory, Los Alamos, USA.
2. J. Kullaa. 2002. "Elimination of environmental influences from damage-sensitive features in a 
structural  health  monitoring  system,"  in  Proceedings  of  the  1st  European  Workshop  on 
Structural Health Monitoring, pp. 742-749.
3. M. Mahmoud, M. Abe, and Y. Fujino. 2001. "Analysis  of suspension bridge by ambient 
vibration  measurement  using  the  time  domain  method  and  its  application  to  health 
monitoring," in  Proceedings of the 19th International Modal Analysis Conference, pp. 504-
510.
4. H. Sohn, M. Dzwonczyk, E. G. Straser, A. S. Kiremidjian, K. H. Law, and T. Meng. 1999. 
"An experimental study of temperature effect on modal parameters of the Alamosa Canyon 
Bridge," Earthquake Engineering and Structural Dynamics, 28: 879-897.
5. J. S. Sakellariou, K. A. Petsounis, and S. D. Fassois. 2004. "A functional model based method 
for fault detection and identification in stochastic structural systems," in  Proceedings of the  
2nd European Workshop on SHM, pp. 679-686.
6. A. G. Poulimenos, and F. D. 2004. "Vibration-based on-line fault detection in non-stationary 
structural systems via a statistical model based method," in Proceedings of the 2nd European  
Workshop on SHM, pp. 687-694.
7. P. Moyo, and J. M. W. Brownjohn. 2002. "Application of Box-Jenkins models for assessing 
the effect  of unusual events recorded by structural  health monitoring systems,"  Structural  
Health Monitoring, 1(2): 149-160.
8. H. Sohn, C. R. Farrar, N. Hunter, and K. Worden. 2001. Applying the LANL statistical pattern 
recognition paradigm for structural health monitoring to data from a surface-effect fast patrol  
boat, Los Alamos National Laboratory, Los Alamos, USA, 
9. P. Omenzetter,  and J.  M. W. Brownjohn.  2004. "Application of  time series  and Kalman 
filtering for structural health monitoring of a bridge," in  Proceedings of the 2nd European 
Workshop on Structural Health Monitoring, pp. 836-843.
10. W. W. S. Wei. 1993. Time Series Analysis, Addison-Wesley.
11. A. Pankratz. 1991. Forecasting with dynamic regression models, John Willey & Sons.
